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Abstract
Considering data insufficiency in metal additive manufacturing (AM), transfer learning (TL) has been adopted to extract
knowledge from source domains (e.g., completed printings) to improve the modeling performance in target domains (e.g.,
new printings). Current applications use all accessible source data directly in TL with no regard to the similarity between
source and target data. This paper proposes a systematic method to find appropriate subsets of source data based on similarities
between the source and limited target datasets. Such similarity is characterized by the spatial and model distance metrics. A
Pareto frontier-based source data selectionmethod is developed, where the source data located on the Pareto frontier defined by
two similarity distance metrics are selected iteratively. This method is integrated into an instance-based TL method (decision
tree regression model) and a model-based TL method (fine-tuned artificial neural network). Both models are then tested on
several regression tasks in metal AM. Comparison results demonstrate that (1) the source data selection method is general
and supports integration with various TL methods and distance metrics, (2) compared with using all source data, the proposed
method can find a subset of source data from the same domain with better TL performance in metal AM regression tasks
involving different processes and machines, and (3) when multiple source domains exist, the source data selection method
could find the subset from one source domain to obtain comparable or better TL performance than the model constructed
using data from all source domains.

Keywords Metal additive manufacturing · Transfer learning · Source data selection · Pareto frontier

Introduction

Metal additive manufacturing (AM) fabricates parts by
depositing metal materials layer by layer with various heat
sources, e.g., the laser beam and electric arc. Although metal
AM has been adopted in electronics (Pang et al., 2020), auto-
motive (Vasco, 2021), aerospace (Milner et al., 2021), and
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other industries, low productivity and unstable quality are
two drawbacks that restrict the applications of metal AM. To
alleviate the two drawbacks, constructing data-drivenmodels
to reveal correlations among processes, structures, and prop-
erties has attracted attention in both industry and academia.
These models are built based on collected data from experi-
ments or simulations and adopted for process optimization,
control, or monitoring to improve the quality of printed
parts. More specifically, applications of data-driven models
include, but are not limited to, melt pool geometry predic-
tion (Olleak & Xi, 2020), bead property estimation (Ding
et al., 2021), thermal history prediction (Ren et al., 2020;
Zhou et al., 2021), defect detection (Jamnikar et al., 2021;
Liu et al., 2021a), and geometry distortion control (Xie et al.,
2022, 2023). More detailed applications are summarized in
several review papers, which demonstrate the potential of
data-driven models in solving AM modeling problems (Qin
et al., 2022; Wang et al., 2022a, 2022b).
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Theoretically, abundant data is required to achieve accept-
able accuracy of those data-driven models in metal AM.
However, this requirement is hard to satisfy in most cases.
In general, experimental data is often limited considering the
time-consuming printing process (e.g., a few hours or days
per part), while the accuracy of simulation data is usually low
due to simplifications and idealization (e.g., no geometrical
deviation) adopted in simulations, which cannot accurately
reflect the physical behavior of printing. To reduce the effects
of data insufficiency, transfer learning (TL) has been utilized
to reuse data collected from completed similar prints to con-
struct the model for the new print (Tang et al., 2023a). In TL,
the knowledge in the source domain (e.g., completed prints
inmetal AM) is extracted and represented as data instances in
instance-based TL, feature expressions in feature-based TL,
and model parameters or structures in model-based TL. This
knowledge is then transferred to the target domain (e.g., new
metal AM processes or machines) to build the target model.

TL methods have been applied in metal AM successfully
andmore accurate target models are obtained than only using
limited target data. The instance-based TL and feature-based
TL methods have a few applications in geometry predic-
tion (Zhang et al., 2021) and relative density estimation
(Aboutaleb et al., 2017), while model-based TL methods
have rich applications in various metal AM tasks, includ-
ing geometry prediction (Ren & Wang, 2019; Sabbaghi &
Huang, 2018), defect detection (Brion et al., 2022; Kim
et al., 2022; Mehta & Shao, 2022; Pandiyan et al., 2022;
Senanayaka et al., 2023; Shin et al., 2024; Zhu et al., 2023),
and melt pool size estimation (Pandita et al., 2022). More
details about TL applications in metal AM are discussed
in the literature review (Tang et al., 2023a). These appli-
cations assume that the source domain is similar to the target
domain and all source data are used to construct targetmodels
with TLmethods directly. In other words, similarity between
source and target domains is rarely measured and discussed.
Although current applications using all data from one source
domain demonstrate the potential of applying TLmethods in
metal AM, it has been proved in natural language processing
(NLP) tasks that a subset of source data could provide bet-
ter TL performances (Ruder & Plank, 2017), which is never
explored for metal AM models.

Given one source domain, the simplest strategy is to select
the top n pieces of data according to calculated similari-
ties. For example, Aharoni and Goldberg (2020) proposed a
domain data selection method, where the similarity between
each pair of source and target sentences is quantified by the
Cosine distance or the relative similarity of source sentences
is inferred by a classification model. The top n pieces of
source data with larger similarities (i.e., smaller distances)
are then selected for TL. This so-called top-n selection strat-
egy is applied widely, but a single distance metric does not
perform well for different tasks. To utilize different distance

metrics, Ruder and Plank (2017) defined the feature value of
each source data as a linear combination of various similarity
metrics (e.g., Euclidean distance, Cosine distance, etc.) and
diversity metrics (e.g., term distribution and word embed-
dings). The Bayesian optimization is then adopted to obtain
the optimal weights for the linear combination to maximize
the performance of TLmodels. Results onNLP tasks demon-
strate that better TL performances are obtained by combining
similarity and diversity metrics than only using a single dis-
tance metric with all source data. However, the number n is
determined manually in the top-n selection strategy, which
would deteriorate the TL performance if an improper number
is used. Besides, performing Bayesian optimization could be
time-consuming when abundant source data are considered.
Lin et al. (2019) adopted the gradient-boosted decision tree
model to infer the relative similarity of each source language
from data-dependent features (e.g., dataset size and word
overlap) and dataset-independent features (e.g., geographic
distance and genetic distance). Based on the ranking of rel-
ative similarities of all source languages, the top n source
languages provide better TL performances than the base-
line only using a single distance metric in tested NLP tasks.
However, the accuracy of rankings depends on the decision
tree model, which is pre-trained based on TL performances
obtained from each pair of source and target languages.
When studying tasks where data sizes in both source and
target domains are small (e.g., less than 60 in metal AM in
“Results”), finding source and target data subsets to pre-train
a ranking model is not practical.

When multiple source domains are available, the top-n
source domains with larger similarity metrics are selected
in current applications. Instead of heuristic selection strate-
gies (Karimi et al., 2017; Mikolov et al., 2017). Dai et al.
(2019) proposed three measurements to quantify the simi-
larity between source and target data from different aspects,
i.e., the percentage of target vocabulary covered by source
data, the perplexity of sourcemodel on the target domain, and
the word vector variance between source and target domains.
During tests, those designed similarity measurements reach
a consensus on which source domain should be selected to
provide a better TL performance. Tian et al. (2019) pro-
posed a similarity-based chained TL method for large-scale
energy forecasting, where the similarity between each pair
of source and target domains (i.e., smart meters) is calcu-
lated by Euclidean, Cosign, Manhattan, and Dynamic Time
Warping distances. For each target smart meter, the source
meter with the largest similarity is selected to construct the
target model, which converges faster than training without
source data. Instead of selecting one source domain, several
source domains with larger similarities are adopted in some
applications. Lange et al. (2021) proposed a model similarity
based on feature vectors (outputs of the last layer) extracted
from the source model and the target model, where the target
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model is trained only with target data. A classification model
is then learned to infer which similarity value is related to a
positive TL, which means the learning performance on the
target domain is improved by TL methods. Given multiple
source domains, the source domains classified as ones with
positiveTLare selected to construct the targetmodel. Lu et al.
(2023) selected the Dynamic TimeWarping distance to infer
the similarity between each source and target domain, where
themost four similar source domains are selected to construct
the multi-source target model. Similar ideas to select one or
several similar source domains frommultiple source domains
are observed widely (Dai et al., 2020; Yuan et al., 2023).
Those applications seem to reach a consensus that select-
ing several similar sources can provide better performance
than using a single source domain.However, TLperformance
obtained by using several similar source domains is not com-
pared with the one obtained by using the optimal subset from
one source domain.

There are some other source data selection methods with-
out using distance metrics. For instance, Wang et al. (2019)
formulated the source data selection as a reinforcement learn-
ing task and proposed a minimax game-based data selection
method. In the method, the action is the source data selection
based on probabilities generated from a selector. The reward
is obtained by a discriminator that maximizes the likelihood
of distinguishing target and selected source instances. The
selector is updated based on rewards with the REINFORCE
algorithm (Willia, 1992). Although the data selectionmethod
provides better TL performances in item recommendation
and text matching tasks, the training of the selector is quite
expensive, i.e., over 106 steps where a model is constructed
in each step. Similar ideas are also observed in task selection
for multi-task learning (Guo et al., 2019), weak supervi-
sion signals selection for neural information retrieval (Zhang
et al., 2020), source data selection for domain adaptation
(Liu et al., 2020), and cross-domain recommendations (Gao
et al., 2023). However, the data selection models based on
reinforcement learning are trained for certain tasks, which
means that the trained model is hard to apply directly to a
new task with different source and target domains.

Instead of performing expensive optimization or building
data selection models, this paper aims to propose an effec-
tive method to find a pseudo-optimal subset from one source
domain to get the best TLperformances and explore its gener-
alization in metal AM. In specific, this paper aims to achieve
the following:

• To develop a source data selection method that does not
rely on heuristics and is generally applicable with different
distancemetrics and TLmethods tomodelmetal AM tasks
involving various processes and machines.

• To examine the performance of the TL model trained with
a well-selected subset of source data in comparison with
that trained with the complete source data, and

• To test the conjecture that a smaller TL model using a
well-selected subset from a single source domain can have
comparable or better prediction accuracy than that trained
with all the source data from multiple sources.

The rest of the paper is structured as follows. The applied
distance measurements are discussed in “Distance measure-
ments”, followed by descriptions of Pareto frontier in “Pareto
frontier”. The source data selection method is then presented
in detail in “Source data selection”. To test the general-
ization capability of the source data selection method, the
reproduced TL methods are described in “Tested TL meth-
ods”. Several TL tasks in “Test settings” are designed based
on datasets collected from metal AM applications, whose
details are discussed in “Data preparation”. The TL perfor-
mances are compared and presented from “Generalization of
different distance combinations in different TL methods” to
“Comparison with transfer learning from multiple sources”.
Limitations and relevant future work of the source data
selection method are discussed in “Discussions”. Finally,
“Conclusions” gives a summary.

Methods

Distancemeasurements

The similarity between a source domain and a target domain
is generally reflected by distance metrics, where a smaller
distance metric refers to a higher similarity. To quantify the
relative similarity between each source data and the target
domain dataset, two kinds of distance metrics are proposed,
i.e., spatial distance and model distance. During the follow-
ing discussions, the source dataset from the source domain is
denoted as Ds = [Xs , Y s], where Xs = {

xi
s , i ∈ [1, Ns]

}

and Y s = {
yi

s , i ∈ [1, Ns]
}
are source input and output

matrices respectively, and Ns is the number of source data.
The target dataset from the target domain is Dt = [X t , Y t ],
where X t = {

xi
t , i ∈ [1, Nt ]

}
and Y t = {

yi
t , i ∈ [1, Nt ]

}

are target input and output matrices respectively, and Nt is
the number of target data.

Spatial distance

A spatial distance quantifies the difference between source
and target data in the space. In machine learning, the
Euclidean and Cosine distances are the two most common
metrics applied to scalars and vectors (Ontañón, 2020). The
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Fig. 1 Example of cosine distance in a two-dimensional space

Euclidean distance reflects how far the source data is from the
target data, while the Cosine distance indicates the magni-
tude of the angle between two vectors. Given Ds and Dt , the
distance metrics between the i-th source data di

s = [
xi

s , yi
s

]

and the target domain are defined as bellow.

(1) Euclidean distance di
Euc.

The Euclidean distance di
Euc between di

s and the target
domain is defined as the minimum Euclidean distance of the
source data di

s to all target data. The smaller the di
Euc value,

the higher the similarity between di
s and the target data is

anticipated.

(2) Cosine distance di
cos .

TheCosinedistancedi
cos between d

i
s and the target domain

is formulated as Eq. (1),

di
cos = 1 − v1s, t · v2s, t

||v1s, t || · ||v2s, t ||
(1)

where v1s, t = di
s − dk

t and v2s, t = d j
t − dk

t are two vectors
defined as shown in Fig. 1. The target data dk

t is the one
with the minimum Euclidean distance to di

s . The target data

d j
t and the source data di

s are located on the same side of
the dashed line, which is perpendicular to the vector v1s, t .

Among all target data on the same side, d j
t has the minimum

Euclidean distance to dk
t . If no source data d j

t exists, the
cosine distance is set as value 1. From the perspective of
the response surface between d j

t and dk
t , the defined Cosine

distance is used to reflect the relative amount of information
about the target data d j

t contained by the source data di
s . A

smaller cosine distance di
cos indicates that more information

of d j
t is presented by di

s , which refers to a larger similarity.

Model distance

Different from calculating distances from source and target
data directly, themodel distances are defined based on source
and target models. The source model is trained only with
source data, while the target model is trained only with tar-
get data and without any TL method. In this section, the
performance distance and the feature distance are defined
according to the model perplexity (Dai et al., 2019) and the
model similarity (Lange et al., 2021) respectively.

(1) Performance distance di
per .

The model perplexity was proposed for language models,
where the source model is trained on the source data and the
perplexity is defined based on the prediction performance of
the source model on the target domain (Dai et al., 2019).
Based on this idea, the performance distance di

per of the

source data di
s is defined as the prediction accuracy change

caused by excluding di
s when training the source model. The

formulation is shown as,

di
per = error

(
f s
base(X t ), Y t

) − error
(

f s
new−i (X t ), Y t

)

(2)

where f s
base(·) is the baseline source model learned from the

source dataset Ds . f s
new−i (·) is a source model constructed

based on a truncated source dataset D−i
s , which is defined

as the updated source dataset by removing di
s , i.e., D

−i
s =

Ds − di
s . The function error(·) is a function to calculate

prediction errors between actual and predicted target outputs.
Generally, the smaller the prediction error, the more accurate
the source model is on the target domain. If di

per is negative,
the prediction accuracy of the source model on the target
domain decreaseswhen trainingwithout d i

s , whichmeans the
source data di

s is important to the target domain; otherwise,
di

s is not important. Therefore, the smaller the performance
distance di

per , the larger the similarity between di
s and the

target domain.
(2) Feature distance di

f ea .
The model similarity was proposed to learn a mapping

from the source feature to the target feature, where the dif-
ference between themappingmatrix and the identitymatrix is
used to quantify the dissimilarity between the source domain
and the target domain (Lange et al., 2021). The smaller the
matrix difference, the larger the similarity. Based on the defi-
nition ofmodel similarity, the feature distance di

f ea is defined
as the change of feature differences when training the source
model with or without the source data di

s .
The feature matrix in Lange et al., (2021) is defined as

the output matrix from the last layer of the baseline source
model f s

base(·) and the baseline target model f t
base(·). The

inputs of both models are the same target testing dataset. As
this idea is close to the model perplexity, in this paper the
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model parameter matrices (e.g., the weight matrix between
two successive hidden layers in neural networks) of source
and target models are selected as the feature matrices for the
feature distance calculation.

The model parameter matrices of f s
base(·) and f t

base(·) are
denoted as θ s

base and θ t
base respectively. The linear transfor-

mationmatrixT base is then obtained by solving the following
optimization problem with the Procrustes method (Schöne-
mann, 1966),

min
Tbase

||Tbaseθ
s
base − θ t

base||F (3)

where || · ||F is the Frobenius norm. The baseline model
dissimilarity di f fbase is calculated as the difference between
Tbase and the identitymatrix I , i.e., di f fbase = ||Tbase− I ||.
If the difference is zero, the sourcemodel and the targetmodel
are identical, indicating the largest similarity.

For each source data di
s , a new source model f s

new−i (·)
with parameter matrices θ s

new−i is constructed based on the
truncated source dataset D−i

s , similar to that for defining the
performance distance. By solving Eq. (4) with θ s

new−i and
θ t

base, the new linear transformation matrix T i
new is obtained

to calculate the new difference as di f f i
new = ||T i

new − I ||.
The feature distance di

f ea of the source data di
s is then calcu-

lated as di
f ea = di f fbase − di f f i

new. If the feature distance
is negative, the model dissimilarity increases when training
the source model without the source data di

s . In other words,
a small feature distance di

f ea refers to a large similarity of

the source data di
s to the target domain.

Pareto frontier

In multi-objective optimization problems, conflicting objec-
tives prevent one from obtaining the optima of all objectives
simultaneously. Therefore, instead of finding a single solu-
tion (or design), the multi-objective optimization aims to
obtain a group of non-dominated solutions, which constitute
the Pareto frontier. A “non-dominated design” is defined as
follows (Ngatchou et al., 2005).

Definition In a multi-objective minimization problem,
given N designs where the i-th design xi has m objec-
tives

{
y1i , . . . , ym

i

}
, the i-th design is regarded as non-

dominated when there is no other design whose objectives
are all smaller, i.e., no j-th design exists that satisfies{

yk
j ≤ yk

i , j �= i , ∀ j ∈ [1, N ], ∀k ∈ [1, m]
}
.

To find the non-dominated designs efficiently, the idea
of G function is adopted to identify candidate designs for
evaluation with the black-box functions (Cheng et al., 2021).

The G function applied in this paper is shown as:

Gi = max
j �=i

(
m∏

k=1

Bool
(

yk
j ≤ yk

i

))

(4)

whereGi is the fitness of the i-th design. Bool(·) is a Boolean
operation, returning 1 for True and 0 for False. If Gi = 0,
the i-th design is non-dominated; otherwise, the i-th design
is dominated by other designs. Based on the G function, all
non-dominated designs in N designs are selected to con-
struct the Pareto frontier and function as the solution of the
multi-objective optimization problem. As only the relative
magnitude relationship is considered in the G function, the
equation is applicable to any case with multiple objectives.

Source data selection

Compared with using a single distance metric, combining
several metrics could capture complementary information
(Ruder & Plank, 2017). Intuitively, one source data with the
largest similarity to the target domain should have the small-
est value in each distance metric. However, one source data
might have different relative similarities under different met-
rics, meaning that different distance metrics could conflict
with each other. For instance, one source data with a small
Cosine distance does not guarantee a small performance dis-
tance, as shown inFig. 2,where bothCosine and performance
distances are normalized to [0, 1]. This phenomenon is sim-
ilar to multi-objective optimization problems. To find the
pseudo-optimal subset, a source data selectionmethod is pro-
posed based on the Pareto frontier by considering different
distance metrics.

Figure 2 depicts the source data selection process,
regarded as a search method in this paper. For example, the
Cosine distance and the performance distance of each source
data di

s are considered. At the first search step, the subset
Dsel−1

s on the Pareto frontier of the source dataset Ds is
selected and combined with target data to train the target
model. In the second search step, the subset Dsel−2

s on the
Pareto frontier of the updated source dataset Ds − Dsel−1

s is
selected and combined with Dsel−1

s and target data to train
the target model. This process continues until finding the
pseudo-optimal subset from the source data. Generally, the
selected source data at the k-th search step is the combination
of all subsets located on the former k Pareto frontiers, i.e.,
Dsel−1

s + · · · + Dsel−k
s .

Based on the idea, the flowchart of the proposed source
data selection method is shown in Fig. 3, where the local
search and the exhaustive search are considered. The high-
level steps are discussed below, and some detailed settings
used in this paper are presented in “Test settings”.
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Fig. 2 Illustration of the source data selection process

Fig. 3 Flowchart of the Pareto frontier-based source data selection method
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Step 1 Given the target dataset Dt , the baseline target
model is constructed without using TL to obtain its base-
line prediction error σbaseline in the target domain. Based on
selected distancemetrics, the distances of each source data d i

s
to the target domain is calculated as discussed in “Distance
measurements”. The initial search step k is set as 1.

Step 2 When k = 1, Dsel−1
s is selected based on the

Pareto frontier of Ds . When k ≥ 2, the subset located on
the Pareto frontier of the source dataset Ds − Dsel−1

s −· · ·−
Dsel−(k−1)

s is selected and denoted as Dsel−k
s . Combining

subsets Dsel−1
s +· · ·+ Dsel−k

s and target dataset Dt , the tar-
get model construction is repeated by Nrun runs to reduce the
effects of randomness onmodeling. The statistical prediction
error σk of all trained target models on the target domain is
used to reflect the overall performance of the selected source
data Dsel−1

s + · · · + Dsel−k
s .

Step 3 This step considers two search pipelines for differ-
ent purposes.

Step 3–1 (Local search) When the computation resource
is limited, the local search is used to find the smallest subset
from the source data. The stopping criteria σk > σk−1 and
σk−1 < σbaseline are checked. If they are satisfied, i.e., the
prediction error at the current step is larger than the one at the
previous step where the prediction error is smaller than the
baseline error, the local search terminates. The smallest sub-
set in the source data is defined as Dsel−1

s +· · ·+ Dsel−(k−1)
s ,

which is denoted as the local optimal subset in this paper.Oth-
erwise, the search step is updated as k = k + 1 and returns
to Step 2.

Step 3–2 (Exhaustive search) When multiple computa-
tion resources are available, the exhaustive search pipeline
is proposed to find the subset from source data to provide
the best TL performance. At the current step, the selected
data Dsel−1

s + · · · + Dsel−k
s and the corresponding predic-

tion error σk are stored. The search process then returns to
Step 2 directly and k = k+1. After searching all source data,
the subset with theminimumprediction error σk is output and
defined as the global optimal subset in the source data.

Tested TLmethods

The instance-based TL and the model-based TL methods
are selected and reproduced to test the capability of the
proposed source data selection method. The state-of-the-art
multi-source TL framework is reproduced to demonstrate the
effectiveness of the proposed source data selection method
in multi-source TL tasks. In this section, all codes are imple-
mented with Python language and the Pytorch library.

Instance-based TL

The instance-based TL methods select a subset from the
source data and combine the subset with all target data to
train the target model directly. Therefore, the input variables
and the outputs in both source and target domains should
be identical when using the instance-based TL methods. In
metal AM, this method has been applied in several tasks,
e.g., transferring geometry knowledge of printed line among
various operating conditions in aerosol jet printing by the
Two-stage TrAdaBoost.R2 method (Zhang et al., 2021), and
predicting the relative density of parts fabricated by laser-
based AM processes with data collected from publications
involving different steel powders and machines (Aboutaleb
et al., 2017).

In this paper, the Two-stage TrAdaBoost.R2 (Pardoe &
Stone, 2010) is selected to build an instance-based decision
tree regression (I-DTR) model. The core idea is to update the
weights of source and target data by the outer loop (global
iteration) and the inner loop (boosting iteration). At the outer
loop, both weights of source and target data are updated to
increase the possibility of relevant source data being selected
for modeling. During the inner loop, only the weights of
target data are updated iteratively to reduce the risk of over-
fitting, and a group of weak regressors is constructed based
on source and target data sampled with the updated weights.
After finishing the inner loop, the prediction of target testing
data is the weighted median outputs obtained by constructed
weak regressors, whose prediction error is calculated by the
cross-validation framework on the whole target dataset. The
final output model is then the group of weak regressors with
the minimum cross-validation error during all outer loops. In
this paper, the I-DTRmodel is implemented by theTwo-stage
TrAdaBoost.R2 code (Ren, 2018) and the DecisionTreeRe-
gressor function in the Sklearn library. The max tree depth
is set as six. The maximum numbers of outer loops and inner
loops are set as five and ten respectively. More details about
the model are described in Tang et al., (2023b).

Model-based TL

In model-based TL methods, the source knowledge repre-
sented by model structures and parameters is reused in the
target domain to facilitate the target model construction and
training. The widely applied fine-tuning method shares a
part of the pre-trained source model structure and param-
eters in the target model, whose input and output layers
are tailored and trained with limited target data. Accord-
ing to our previous literature review (Tang et al., 2023a),
numerous applications of the fine-tuning method have been
observed inmetal AM tasks, such as defect detection (Bisheh
et al., 2023; Kitahara & Holm, 2018; Mehta & Shao, 2022;

123



Journal of Intelligent Manufacturing

Fig. 4 Detailed structure of the artificial neural network formodel-based
TL

Pandiyan et al., 2022; Shin et al., 2024) and geometry devi-
ation prediction (Ferreira et al., 2020; Knüttel et al., 2022;
Ren &Wang, 2019; Ren et al., 2021; Sabbaghi et al., 2018).
Those successful applications demonstrate the capability of
the fine-tuning method to transfer knowledge among differ-
ent processes (Mehta & Shao, 2022; Pandita et al., 2022),
machines (Knüttel et al., 2022; Ren et al., 2021), geometries
(Ferreira et al., 2020; Ren & Wang, 2019; Sabbaghi et al.,
2018), andmaterials (Pandiyan et al., 2022; Shin et al., 2024)
in metal AM.

This section reproduces the artificial neural network
(ANN) with the fine-tuning method, which is denoted as FT-
ANN in further discussions. Theoretically, an optimal model
structure could be found for each task by optimizing model
hyperparameters, such as the number of hidden layers and
nodes, the activation functions, the learning rate, and so on.
This is the topic of “hyperparameter optimization” in deep
learning (Bischl et al., 2023), which is not considered in this
paper. Instead, an ANN with three hidden layers is used as
shown in Fig. 4, where nin is the input dimension and nout is
the output dimension. The numbers of hidden nodes on the
first, second, and third layers are defined as 2nin , 3nin , and
2nin respectively, resulting in 14n2

in + (7 + 2nout )nin +nout

parameters to learn in the model structure. To reduce the risk
of overfitting when training data is insufficient, a dropout
layer with a probability of 0.05 is applied after the second
hidden layer. The reproduced ANN structure is applied to
both source and target models, whose training processes are
described in Table 1. Generally, the target ANN model is
initialized as the trained source model and fine-tuned with
limited target data and a smaller number of training epochs.
In this paper, the numbers of epochs to train the sourcemodel
and fine-tune the target model are set as 100 and 50 respec-
tively. The Adam optimizer is used to train both models with
a learning rate of 0.005 and the mean square error (MSE) is
the loss.

Multi-source TL

The multi-source TL methods utilize knowledge extracted
from multiple source domains to improve the learning per-
formance on the single target task. One idea is to construct
a model based on each pair of source and target domain
datasets, and the final target model is the combination of the
constructed models. This idea has been successfully applied
to object recognition (Yao & Doretto, 2010), fault diagno-
sis (Tian et al., 2022), remaining useful life prediction (Ding
et al., 2022), andmulti-class classification (Kang et al., 2020).

Based on the framework proposed in the work (Ding
et al., 2022), a multi-source ANN (MS-ANN) model as
shown in Fig. 5 is reproduced based on the model struc-
ture in “Model-based TL”. Given N source domains Di

s =[
X i

s , Y
i
s

]
, i ∈ [1, N ] and one target domain Dt = [X t , Y t ],

the model contains a common feature extractor Fc for all
domains, a domain-specific feature extractor Fi

d f and a

domain-specific regressor Fi
dr for each source domain Di

s ,
and a target regressorwhose output is the average output from
all domain-specific regressors. The numbers of nodes on hid-
den layers are set as “Model-based TL”, which means a total
of (2 + 12N )n2

in + (2 + 5N + 2nout N )nin + nout N param-
eters to learn in the multi-source ANNmodel. Generally, the
more source domains are considered, the larger the model
structure is. For the training, three components are consid-
ered in the loss function, i.e., the multi-order discrepancy, the
regressor distance, and the regression errors, whose detailed
formulae are shown in Ref. Ding et al., (2022). Generally, the
multi-order discrepancy aims to minimize the domain dis-
crepancy between each pair of the source domain Di

s and the
target domain Dt , calculated based on the outputs of Fi

d f . The
regressor distance is used to reduce differences of all domain-
specific regressors on the target domain. The regression error
reflects the performances of the domain-specific regressor on
each source domain Di

s . It is adopted to ensure the trained
model performing well on each source domain. Following
the training process in Ref. Ding et al., (2022), the optimizer
Adam with the learning rate 0.005 is adopted to train the
model. The number of training epochs is set as the sum of
the one to train the source model and the one for fine-tuning
in “Model-based TL”, i.e., 150. After training, the prediction
on the target data is the average output of all domain-specific

regressors, i.e., Ŷ t = 1
N

N∑

i=1
Fi

dr

(
Fi

d f (Fc(X t ))
)
.

In general, the reproduced MS-ANN model follows the
model framework (e.g., common feature extractor, domain-
specific feature extractor, etc.), the loss function, and the
training process in Ding et al., (2022). Compared with work
in Ding et al., (2022), three differences exist in the repro-
duced model. The components in the reproduced model are
selected based on the model-based TL in “Model-based TL”,
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while convolution neural networks are adopted in the model
structure (Ding et al., 2022) for image datasets. The number
of training epochs is selected according to the reproduced
model-based TL for comparison, while Ref. Ding et al.,
(2022) uses a large number of training epochs (i.e., 20,000).
Instead of a fixed batch size applied in Ding et al., (2022),
the batch size nb in the reproduced model is defined as the
minimum number of source and target dataset, as the data
sizes in both target and source domains during the source
data selection process are small.

Results

Data preparation

Melt pool width dataset

Two datasets about the melt pool width are considered in this
paper.One is about the laser-baseddirected energydeposition
using blown powder (DED-LB/p) published by the Stevens
Institute of Technology (Akhavan et al., 2023). Another is
about the laser-based directed energy deposition using hot
wire (DED-LB/w) collected from University West, Sweden
(Rahmani Dehaghani et al., 2024).

Table 2 summarizes information about the DED-LB/p and
DED-LB/w datasets, where three differences are observed.

Table 1 Training process of
target FT-ANN model

Fig. 5 Diagram of the reproduced multi-source ANN model (Adapted from Ding et al., 2022)
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Table 2 Information about DED-LB/p and DED-LB/w datasets

DED-LB/p dataset DED-LB/w dataset

Range Range

Process parameters Powder feed rate (P F R) 0.25–15 g/min Wire feed rate (W F R) 1.8–2.2 m/mm

Scanning speed (SS) 10–1000 mm/min Travel speed (T S) 8–12 mm/s

Laser power (L P) 200–500 W Laser power (L P) 2800–3200 W

Electrical power (E P) 100 W

Material Value Value

Type Stainless steel 316L Type Duplex stainless steel 2209

Density (ρSS316L ) 7.98 g/cm3 (Dongshang, 2023) Density (ρDS2209) 7.8 g/cm3 (MatWeb, 2023)

Data size 61 9

Fig. 6 Time-series melt pool width in DED-LB/P and DED-LB/W datasets

The units of feed material are different, i.e., the mass per unit
time is used for the powder in DED-LB/p while the length
per unit time is adopted for the wire in DED-LB/w. Mean-
while, the DED-LB/p process only utilizes the laser beam as
the heat resource, while theDED-LB/w process uses both the
laser beam and electrical power as heat resources. Different
from using the laser beam to melt the material in DED-LB/p,
the electrical power is used to pre-heat the material before
printing in DED-LB/w. Different materials are also used for
fabrication, i.e., stainless steel 316L (SS316L) powder in
DED-LB/p, and duplex stainless steel 2209 (DSS2209) wire
with a diameter of 1.2 mm in DED-LB/w. Given one pro-
cess parameter setting, images of the melt pool are collected
by cameras during printing, based on which time-series melt
pool width data is extracted with suitable image processing
methods (Akhavan et al., 2023; Rahmani Dehaghani et al.,
2024) as shown in Fig. 6. In this paper, the average melt pool
width is studied as a result of a given process parameter set-
ting, which is used as input for modeling. Finally, 61 pieces
of data are collected from theDED-LB/p dataset and 9 pieces
of data are collected from the DED-LB/w dataset. In the fol-
lowing test, the DED-LB/p dataset is defined as the source
dataset and the DED-LB/w dataset is the target dataset.

Considering different units and numbers of process
parameters, it’s not reasonable to directly construct TL-
based models with the collected datasets. More specifically,

instance-based TL methods cannot support source and tar-
get domains with different numbers of input variables (Tang
et al., 2023a). To alleviate the problem, some common
parameters are defined based on source and target datasets,
including the material feed rate (M F R), the travel speed
(T S), and the energy density (E D). Therefore, the input
dimension nin is three and the output dimension nout is one.
The formulas of dimensional parameters in both DED-LB/p
and DED-LB/w are listed in Table 3. The major difference
is that the energy density in DED-LB/w is defined as com-
bining both heat sources (laser beam and electrical power)
while only the laser beam is used in DED-LB/p.

Relative density dataset

Based on multiple publications, Liu et al. (2021b) proposed
an open-source dataset about the relative density in the laser
powder bed fusion (LPBF) process, where different print-
ing machines with the same material Ti-6Al-4V are adopted.
The ranges of applied process parameters (i.e., laser power,
scanning speed, hatching space, and energy density) are sum-
marized in Table 4. The range of each process parameter
varies with machines, which is attributed to different proper-
ties of machines. After excluding duplicated data, we obtain
the data size from each machine, listed in the last column of
Table 4. For modeling tasks designed based on this dataset,
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Table 3 Common parameters designed for DED-LB/p and DED-LB/w processes

Parameter Unit Formula

DED-LB/p dataset DED-LB/w dataset

Material feed rate (M F R) mm3/s P F R/ρSS316L × 1000
60 W F R × 100 × π × 0.062 × 1000

60

Travel speed (T S) mm/s SS/60 T S

Energy density (E D) J/mm3 L P/M F R (L P + E P)/M F R

Table 4 Relative density datasets with different printing machines

Machine Process parameters Data size

Laser power (W) Speed (mm/s) Hatching space (mm) Energy density (J/mm3)

SLM 125 HL 50–100 300–600 0.07–0.12 41.7–98.8 24

SLM 250 HL 100–375 200–1100 0.04–0.175 50.62–292 32

EOS M270 40–195 120–1560 0.08–0.10 17.99–288.9 49

SLM 50–120 100–1200 0.04–0.12 46–550 7

Concept Laser M2 100–200 600–1500 0.075–0.135 24.7–158 22

Concept Laser M3 95 90–190 0.12–0.14 119–293 7

the input dimension nin is four and the output dimension nout

is one. More details about the dataset are described in Ref.
Liu et al. (2021b).

Test settings

TL-based modeling tasks are designed and summarized in
Table 5. The single-source-single-target tasks (i.e., Tasks
1–9) are designed to test the generalization of the source
data selection method in metal AM tasks with different pro-
cesses and machines. The multi-source-single-target tasks,
i.e., Tasks 10–11, are used to compare the performance of the
reproducedmulti-sourceANNmodel and the performance of
the single-source ANN model with the source data selection
method on the same target domain.

During the following tests, each source and target dataset
is scaled to the range [0, 1] for both modeling and distance
calculation without any filtering or data cleaning methods.
The extreme learning machine (ELM) is selected to train
the target and source models which are used to calculate
both prediction distance and feature distance in “Model dis-
tance”. The ELM model is a single-hidden layer neural
network. Compared with conventional neural networks, the
training of ELM is efficient and ELM has a higher possibil-
ity to reach the optimal performance (Leung et al., 2019).
The error function in the performance distance is defined
as error(·) = 0.5 × RM SE(·) + 0.5 × M AE(·), where
RM SE(·) and M AE(·) are used to calculate the root mean
square error (RMSE) and the max absolute error (MAE)

between predictions and actual values, respectively. When
calculating the feature distance, source and target ELMmod-
els share identical parameters for the activation functions.
Only the parameters on the output layer are selected to cal-
culate the feature distance for simplification.

In the flowchart of the proposed source data selection
method, the number of runs Nrun to construct a target model
based on the given source and target data at each search
step is set to 50. Considering the target data is limited in
this paper, splitting the target data into training and vali-
dation datasets is not reasonable to obtain the performance
of the target model. The leave-one-out cross-validation is
applied at each run instead. For example, given the target
dataset (9 pieces of data) and the selected source dataset at
the k-th search step in TL Task 1, the selected source dataset
and eight pieces of target data are used to construct the tar-
get model whose prediction error (i.e., RMSE) is calculated
based on the remaining one piece of target data. The overall
performance (RMSE) of the target model at each run is then
defined as the average RMSE value obtained during cross-
validation.The statistical prediction errorσk at the k-th search
step is the median overall performance of target models con-
structed in 50 runs. The baseline prediction error σbaseline

of the target model without TL is calculated under the same
process, where 50 runs are repeated and the leave-one-out
cross-validation is applied in each run.

Figure 7 gives an example of the results from the exhaus-
tive search approach (Fig. 2), where boxplots of RMSE
values obtained by target models at each step (50 runs per
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Table 5 TL-based modeling tasks

TL task Source domain Target domain Dataset

1 DED-LB/p process DED-LB/w process Melt pool width dataset (Akhavan et al., 2023;
Rahmani Dehaghani et al., 2024)

2 SLM 250 HL machine SLM machine Relative density dataset (Liu et al., 2021b)

3 SLM 125 HL machine

4 EOS M270 machine

5 Concept Laser M2 machine

6 SLM 250 HL machine Concept laser M3
machine7 SLM 125 HL machine

8 EOS M270 machine

9 Concept Laser M2 machine

10 Any combinations of SLM 125 HL, SLM 250 HL,
EOS M270, and Concept Laser M2 machines

SLM machine

11 Any combinations of SLM 125 HL, SLM 250 HL,
EOS M270, and Concept Laser M2 machines

Concept laser M3
machine

Fig. 7 Overall performance of target model among 50 runs at each
search step in exhaustive search (“Baseline” refers to the baseline target
model. “A-B” refers to the A-th search step with B pieces of source data
selected.)

step) are depicted. If the local search approach is applied,
the search process terminates at the 3rd step according to the
criteria in “Source data selection”. The source data selected
in the former two steps, i.e., Dsel−1

s + Dsel−2
s with 18 pieces

of source data, is output as the local optimal subset. In this
example, the global optimal subset is the same as the local
optimal subset. Compared with the exhaustive search, the
local search terminates earlier which reflects a smaller com-
putational budget. During the following comparisons, the
median RMSE value, the amount of data in the optimal sub-
set, and the corresponding search step obtained by both the
local and exhaustive searches are selected for comparison.

Generalization of different distance combinations
in different TLmethods

This section aims to demonstrate the generalization capa-
bility of the proposed source data selection method with
different distance metrics. To fulfill this purpose, the dis-
tance metrics in Section 2.1 are combined to form 11 cases,
where six cases are with two distance metrics, four cases are
with three distancemetrics, and one case is with four distance
metrics. All 11 cases are tested with the reproduced I-DTR
and FT-ANN models in the TL Task 1, whose performances
obtained by local and exhaustive searches are summarized
in Tables 6 and 7. Meanwhile, to demonstrate the benefits
of the proposed Pareto frontier strategy, four cases with one
distance metric are tested where the top n data with smaller
distances are selected iteratively (n = 5 in the test) for mod-
eling.

Compared with baseline performances in Table 6, the
median RMSE values obtained by the local search and
exhaustive search are always better. The results obtained by
using all source data are also better in most cases, which
demonstrates the capability of TL in improving the perfor-
mance of the target model via using the source data.

Compared with the performances of target models trained
with all source data in Table 6, the I-DTR model obtains a
smaller median RMSE value within three search steps (less
than 20 source data) in most cases, where the local search is
applied with different distance metrics. The median RMSE
values of the target model with all source data are around
0.25, while the median RMSE values of target models with
the local optimal subset are less than 0.24 in most cases.
Meanwhile, themedianRMSEvalues of I-DTRmodels using
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the exhaustive search are smaller than those values obtained
with the local search, although the global optimal subset size
is larger than that of the local optimal subset in some cases.
More importantly, the proposed source data selectionmethod
reduces the risk of negative transfer compared with using all
of the source data. For instance, the median RMSE value is
0.2633 > σbaseline when using all of the source data. Mean-
while, it reduces to 0.2343 by the local search and 0.2341 by
the exhaustive search when adopting di

per and di
f ea . In other

words, the source data selection with both local and exhaus-
tive search approaches can find a subset of source data to
construct a more accurate I-DTR model than using all the
source data.

Usingmultiple distances could outperform that using only
onedistance in termsof the obtainedmedianRMSEvalue and
the size of selected source data. For example, when using the
distances {di

Euc, di
cos}, three source data are selected in both

local and exhaustive searches to provide a median RMSE
value of 0.2281, which is better than results obtained by
using only one distance. Another benefit of the proposed
method is that the source data are selected automatically
based on the Pareto frontier. Using one distance, however,
requires the heuristic number n to determine the number of
selected source data. If the number n is not appropriate, the
final performance of the target model would be inferior, such
as the median RMSE value of 0.2406 based on 50 source
data in exhaustive search when using di

Euc only. Both behav-
iors demonstrate the advantage of using multiple distances,
which is consistent with the conclusion in Ref. Ruder and
Plank (2017).

Similarly, the advantages of TL are also demonstrated
in FT-ANN, since all median RMSE values from the local
search, exhaustive search, and using all source data are better
than their respective baseline values in each row of Table 7.
Meanwhile, the proposed exhaustive search using multiple
distances can find better performance than using only one
distance in some cases, such as the median RMSE value of
0.1669 with distances {di

per , di
f ea}, 0.1654 with distances

{di
Euc, di

cos , di
per }, and 0.1669 using all distances, which are

highlighted in bold fonts in the table. Results in Table 7 also
show that the performances of FT-ANNmodelswith the local
search are slightly better or comparable to the models using
all source data. Different from I-DTR models whose perfor-
mances are similar between local and exhaustive searches,
FR-ANN models with the exhaustive search outperform FT-
ANN models with the local search in terms of the median
RMSE values in all cases. Therefore, the proposed source
data selection method could also be integrated into FT-ANN
for better performance than using all source data.

From the above observation, the proposed source data
selection method has a generalization capability to consider
various distance metrics, while different combinations of

distance metrics would provide different TL performance.
Meanwhile, the source data selection method is generally
applicable and can be integrated into different TL methods
to obtain better training performance using a small subset
than using all source data.

Generalization inmetal AM applications
with different machines and processes

The performances of I-DTR and FT-ANN models on Tasks
2–5 (i.e., the target domain is SLM machine) and Tasks 6–9
(i.e., the target domain is Concept Laser M3 machine) are
summarized in Tables 8 and 9, respectively. Generally, both
models have better performances with the source data selec-
tion method than using all source data directly. When testing
those tasks, only the Euclidean distance di

Euc and the per-
formance distance di

per are considered in the source data
selection method.

When the target domain is the SLM machine, the median
RMSE values obtained by the local and exhaustive searches
are better than the baseline performance, while the median
RMSE values from using all source data are worse in some
cases. These observations prove the advantages ofTL in facil-
itating the target modeling and the capability of the proposed
method in reducing the risk of negative transfer. Besides, the
median RMSE values and corresponding search steps of one
model are identical between local and exhaustive searches
in each task, except for the FT-ANN model in Task 5 (i.e.,
the source domain is Concept Laser M2 machine). Perfor-
mances of both I-DTR and FT-ANN models are better with
the local optimal subset than with all source data. The num-
ber of selected pieces of source data is also less than half
of all source data in Tasks 2–5 in most cases. In Tasks 6–9,
performances of I-DTR and FT-ANN models show slight
differences between local and exhaustive searches, as shown
in Table 9. However, similar observations can be made for
these results as for Tasks 2–5.

Several conclusions could be summarized from the above
tests. When multiple source domains exist for one single
target domain, the proposed source data selection method
could be used for each pair of source and target domains to
improve the modeling performance with fewer source data.
Meanwhile, the proposed source data selection method has
the general capability to model metal AM processes with
TL, where different distances (“Generalization of different
distance combinations in different TL methods”), as well as
machines and processes (“Generalization inmetal AM appli-
cations with different machines and processes”), are studied.
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Table 6 Performance of the I-DTR model in Task 1 with different distance metrics (σbaseline is the performance of the target DTR when no TL is
applied)

Applied
distances

σbaseline Local search Exhaustive search Result with all source data

Median
RMSE

Median
RMSE

# Search step (#
source data)

Median
RMSE

# Search step (#
source data)

Median
RMSE

# Search step
(# source data)

di
Euc 0.2585 0.2462 1 (5) 0.2406 10 (50) 0.2493 13 (61)

di
cos 0.2528 0.2346 3 (15) 0.2268 7 (35) 0.2506 13 (61)

di
per 0.2585 0.2311 1 (5) 0.2311 1 (5) 0.2530 13 (61)

di
f ea 0.2528 0.2410 1 (5) 0.2323 5 (25) 0.2527 13 (61)

di
Euc, di

cos 0.2585 0.2281 1 (3) 0.2281 1 (3) 0.2592 16 (61)

di
per , di

f ea 0.2585 0.2343 2 (6) 0.2341 6 (32) 0.2633 14 (61)

di
Euc, di

per 0.2585 0.2359 3(16) 0.2254 9 (48) 0.2555 14 (61)

di
Euc, di

f ea 0.2585 0.2385 1 (8) 0.2342 4 (26) 0.2574 10 (61)

di
cos , di

per 0.2585 0.2321 2 (12) 0.2321 2 (12) 0.2556 13 (61)

di
cos , di

f ea 0.2585 0.2254 1 (10) 0.2254 1 (10) 0.2483 10 (61)

di
Euc, di

cos ,d
i
per 0.2585 0.2219 2 (18) 0.2219 2 (18) 0.2576 8 (61)

di
Euc, di

cos ,d
i
f ea 0.2528 0.2256 1 (9) 0.2256 1 (9) 0.2674 7 (61)

di
Euc, di

per ,d
i
f ea 0.2528 0.2491 2 (29) 0.2491 2 (29) 0.2535 6 (61)

di
cos , di

per ,d
i
f ea 0.2528 0.2337 1 (16) 0.2337 1 (16) 0.2556 6 (61)

di
Euc, di

cos ,

di
per , di

f ea

0.2585 0.2464 1 (28) 0.2464 1 (28) 0.2562 4 (61)

Table 7 Performance of FT-ANN model in Task 1 with different distance metrics (σbaseline is the performance of the target ANN when no TL is
applied)

Applied
distances

σbaseline Local search Exhaustive search Result with all source data

Median
RMSE

Median
RMSE

# Search step (#
source data)

Median
RMSE

# Search step (#
source data)

Median
RMSE

# Search step
(# source data)

di
Euc 0.1775 0.1710 1 (5) 0.1676 13 (61) 0.1676 13 (61)

di
cos 0.1773 0.1734 2 (10) 0.1693 12 (60) 0.1694 13 (61)

di
per 0.1777 0.1685 5 (25) 0.1685 5 (25) 0.1710 13 (61)

di
f ea 0.1765 0.1688 3 (15) 0.1678 7 (35) 0.1703 13 (61)

di
Euc, di

cos 0.1756 0.1706 2 (9) 0.1697 10 (43) 0.1714 16 (61)

di
per , di

f ea 0.1761 0.1706 4 (22) 0.1669 12 (60) 0.1683 13 (61)

di
Euc, di

per 0.1788 0.1686 7 (37) 0.1683 9 (48) 0.1699 14 (61)

di
Euc, di

f ea 0.1759 0.1734 1 (5) 0.1683 6 (42) 0.1701 12 (61)

di
cos , di

per 0.1774 0.1687 4 (30) 0.1679 11 (59) 0.1697 13 (61)

di
cos , di

f ea 0.1769 0.1711 1 (5) 0.1690 7 (44) 0.1721 12 (61)

di
Euc, di

cos ,d
i
per 0.1755 0.1692 2 (18) 0.1654 4 (35) 0.1715 8 (61)

di
Euc, di

cos ,d
i
f ea 0.1766 0.1694 2 (24) 0.1694 2 (24) 0.1694 7 (61)

di
Euc, di

per ,d
i
f ea 0.1774 0.1675 5 (59) 0.1675 5 (59) 0.1703 6 (61)

di
cos , di

per ,d
i
f ea 0.1753 0.1717 1 (6) 0.1685 5 (59) 0.1716 6 (61)

di
Euc, di

cos ,

di
per , di

f ea

0.1772 0.1700 1 (13) 0.1669 5 (57) 0.1709 6 (61)
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Table 8 Performance of I-DTR and FT-ANN models in Tasks 2–5 (SLM machine as the target) with source data selection considering di
Euc and

di
per (σbaseline is the performance of the target model without using TL)

Target model Source σbaseline Local search Exhaustive search Result with all source
data

Median
RMSE

Median
RMSE

# Search step
(# source
data)

Median
RMSE

# Search step
(# source
data)

Median
RMSE

# Search
step (#
source
data)

I-DTR SLM 250 HL 0.0790 0.0590 2 (3) 0.0590 2 (3) 0.1116 10 (31)

SLM 125 HL 0.0790 0.0712 5 (15) 0.0712 5 (15) 0.1065 8 (24)

EOS M270 0.0790 0.0684 5 (26) 0.0684 5 (26) 0.0908 11 (49)

Concept
Laser M2

0.1023 0.0723 1 (2) 0.0690 5 (10) 0.0820 11 (22)

FT-ANN SLM 250 HL 0.1184 0.1031 1 (1) 0.1031 1 (1) 0.1081 10 (31)

SLM 125 HL 0.1169 0.1030 1 (4) 0.1030 1 (4) 0.1253 8 (24)

EOS M270 0.1171 0.1006 3 (17) 0.1006 3 (17) 0.1086 11 (49)

Concept
Laser M2

0.1168 0.1095 1 (2) 0.1086 3 (6) 0.1134 11 (22)

Table 9 Performance of I-DTR and FT-ANN models in Tasks 6–9 (concept laser M3 as the target) with source data selection considering di
Euc and

di
per (σbaseline is the performance of the target model without using TL)

Target model Source σbaseline Local search Exhaustive search Result with all source
data

Median
RMSE

Median
RMSE

# Search step
(# source
data)

Median
RMSE

# Search step
(# source
data)

Median
RMSE

# Search
step (#
source
data)

I-DTR SLM 250 HL 0.0066 0.0066 1 (3) 0.0066 1 (3) 0.0095 9 (31)

SLM 125 HL 0.0067 0.0064 2 (11) 0.0057 6 (23) 0.0095 7 (24)

EOS M270 0.0095 0.0048 2 (11) 0.0036 5 (26) 0.0050 11 (49)

Concept laser
M2

0.0066 0.0047 1 (5) 0.0047 1 (5) 0.0067 6 (22)

FT-ANN SLM 250 HL 0.0163 0.0147 2 (9) 0.0142 8 (30) 0.0153 9 (31)

SLM 125 HL 0.0166 0.0144 1 (4) 0.0144 1 (4) 0.0164 7 (24)

EOS M270 0.0165 0.0130 1 (7) 0.0130 1 (7) 0.0155 11 (49)

Concept laser
M2

0.0164 0.0134 1 (5) 0.0134 1 (5) 0.0164 6 (22)

Comparison with transfer learning frommultiple
sources

In this section, the designed Tasks 10–11 are tested with
the reproduced MS-ANN model. Similar to the above tests,
the MS-ANN model construction is repeated by 50 runs,
where the leave-one cross-validation is performed in each
run. The overall RMSE value of the targetmodel on the target
domain in each run is the average RMSE value obtained from
cross-validation. One example of the training performance is

depicted in Fig. 8, where boxplots of RMSE values obtained
at 50, 100, and 150 epochs are compared. Generally, the
median RMSE value and the size of the boxplot reduce with
the epoch number.

To explore the effects of different multiple sources, 11
cases are designed based on the four sources (i.e., SLM
125 HL, SLM 250 HL, EOS M270, and Concept Laser M2
machines) as shown in Table 10. This includes one case using
all four sources, four cases with three sources, and six cases
involving two sources. Two observations are found from
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Table 10 Performance of
MS-ANN model on TL Tasks
10–11 with different multiple
sources

Sources Task 10 (target: SLM) Task 11 (target: concept laser
M3)

50 epochs 100 epochs 150 epochs 50 epochs 100 epochs 150
epochs

SLM 250 HL
SLM 125 HL
EOS M270
Concept laser
M2

0.1014 0.0986 0.0991 0.0155 0.0135 0.0134

SLM 250 HL
SLM 125 HL
EOS M270

0.1060 0.0990 0.0987 0.0168 0.0137 0.0135

SLM 250 HL
SLM 125 HL
Concept laser
M2

0.1056 0.0994 0.0993 0.0170 0.0134 0.0131

SLM 250 HL
EOS M270
Concept laser
M2

0.1062 0.0985 0.0997 0.0169 0.0138 0.0132

SLM 125 HL
EOS M270
Concept laser
M2

0.1051 0.0982 0.0987 0.0179 0.0140 0.0137

SLM 250 HL
SLM 125 HL

0.1156 0.0997 0.0995 0.0195 0.0139 0.0134

SLM 250 HL
EOS M270

0.1211 0.1000 0.0992 0.0190 0.0142 0.0135

SLM 250 HL
Concept Laser
M2

0.1136 0.1003 0.1006 0.0196 0.0135 0.0130

SLM 125 HL
EOS M270

0.1270 0.0999 0.0971 0.0190 0.0154 0.0142

SLM 125 HL
Concept laser
M2

0.1243 0.1001 0.1000 0.0186 0.0144 0.0136

EOS M270
Concept laser
M2

0.1131 0.0982 0.0979 0.0206 0.0150 0.0139

median RMSE values at different epochs in Table 10. For a
given number of epochs,more sources consideredwould pro-
vide a better training performance. For instance, the median
RMSE values of MS-ANN at 50 epochs in Task 10 are over
0.110 when using two sources, around 0.106 when using
three sources, and around 0.101 when using four sources.
Similar behavior also exists in Task 10 with 100 epochs, and
Task 11 with 50 and 100 epochs. The reason is that more
sources would contain more relevant knowledge, which pro-
vides better TL performances (Ding et al., 2022). However,
more sources cannot always guarantee a better performance
than fewer sources. At 100 epochs in Task 10, MS-ANN
with two source domains (i.e., EOSM270 andConcept Laser
M2) has a median RMSE value of 0.0982, while MS-ANN

with all four sources has a median value of 0.0986. This is
because adopting more sources could introduce more irrele-
vant knowledge, which may deteriorate the training.

Table 11 summarizes the ranges of median RMSE val-
ues obtained by the baseline target ANN model without TL,
the MS-ANN at 150 epochs and the FT-ANN using exhaus-
tive search, as well as the corresponding number of model
parameters. Generally, results of FT-ANN and MS-ANN
using different sizes of source domains are all better than
the target ANNmodel without TL, which proves the benefits
of TL in target modeling. In most cases, the RMSE values
obtained by MS-ANN using multiple source domains are
slightly (less than 10%) smaller than those obtained by FT-
ANN using a single source domain in both target domains,
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Table 11 Comparison between FT-ANN and MS-ANN models on the same target domain (input dimension nin = 4, output dimension nout = 1,
number of source domains N )

Models Range of median RMSE Number of model parameters

SLM Concept laser M3

Baseline target ANN without TL [0.1169, 0.1184] [0.0163, 0.0166] 261

FT-ANN with a single source (N = 1) [0.1006, 0.1086] [0.0130, 0.0144] 261

MS-ANN with two sources (N = 2) [0.0971, 0.1006] [0.0130, 0.0142] 482 (+ 84.67%)

MS-ANN with three sources (N = 3) [0.0987, 0.0997] [0.0131, 0.0137] 703 (+ 169.3%)

MS-ANN with four sources (N = 4) 0.0991 0.0134 924 (+ 254.02%)

Fig. 8 Performances of theMS-ANNmodel at different training epochs

i.e., SLM and Concept Laser M3 machines. However, the
number of parameters in MS-ANN increases a lot with more
source domains. Compared to FT-ANNwith 261 parameters,
MS-ANN has 482 (84.67% larger), 703 (169.3% larger), and
924 (254.02% larger) parameters when using two, three, and
four sources, respectively. More importantly, when the tar-
get domain is the Concept Laser M3 machine, the FT-ANN
with the source domain EOS M270 in Table 9 has a median
RMSE value of 0.0130 using the exhaustive search, which
is slightly smaller than all median RMSE values (i.e., over
0.0130) of MS-ANN at 150 epochs in Table 10. This obser-
vation demonstrates that TL with multiple sources cannot
guarantee better performance in all tasks. Instead, the pro-
posed source data selection method could find a small subset
from one optional source domain to obtain a better model
performance with a smaller neural network.

Discussions

According to results in Section 3, the Pareto frontier-based
source data selection method enables its integration with dif-
ferent TL methods to model metal AM processes involving

various processes and machines. The source data selection
method also allows the use of different distance metrics.
Meanwhile, the test results reveal that a simple ANN model
with the source data selection method using one source
domain could outperform the complex multi-source ANN
model using several source domains in some cases. Gen-
erally, the efficient local search is recommended when the
computation resource is limited, while the exhaustive search
is suitable to obtain the best performance when computation
resource is sufficient.

The source data selection method has some limitations,
however, in terms of considered distances, TL task cate-
gories, and tested TL models. In this paper, two spatial
distances (i.e., Euclidean distance and Cosine distance) and
two model distances (i.e., feature distance and performance
distance) are considered for the metal AM regression tasks.
Many other distance metrics are possible, such as term distri-
bution & word embeddings in NLP (Ruder & Plank, 2017),
dynamic time warping for sequences (Lu et al., 2023), and
KL divergence for probability distribution (Ontañón, 2020).
Although two TL-based models with the source data selec-
tionmethod are tested and outperform themulti-source ANN
model in some cases, the neural network reproduced in this
paper is simpler than current state-of-the-art models, such as
convolutional neural networks (Li et al., 2022), long short
term memory model (Van Houdt et al., 2020), and recurrent
neural networks (Zhu et al., 2022). To explore the generaliza-
tion capability, more distance metrics, and advanced models
could be integratedwith the source data selectionmethod and
tested on various TL tasks such as time-series forecasting and
image classification.

In some works, the distance between each pair of source
and target domains is defined as the prediction error of
the trained source model on the target domain (Dai et al.,
2019), i.e., error

(
f s
base(X t ), Y t

)
in performance distance,

or the feature difference between outputs of the same hid-
den layer in source and target models (Lange et al., 2021),
i.e., di f f base = ‖Tbase − I‖ in feature distance. They are
used to infer which source domain or which source domain
sets are promising for the transfer learning. In general, the
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Fig. 9 Prediction performance of different source domains

source domain with a smaller distance has a larger sim-
ilarity to the target domain. Figure 9 compares the base
distance error

(
f s
base(X t ), Y t

)
between each source domain

(i.e., SLM 125 HL, SLM 250 HL, EOS M270, and Con-
cept Laser M2 machines) and target domain (i.e., SLM, and
Concept Laser M3 machines) in the relative density dataset.
Based on findings in Dai et al., (2019) and Lange et al.,
(2021), the source domain with Concept Laser M2 is sup-
posed to provide the best performance for target models, as
it has the minimum distances in both target domains. How-
ever, this hypothesis is not supported by the test results in
this paper, considering the following observations.

• When using all source data, the target I-DTR model for
the SLM machine has the smallest median RMSE value
0.0820 with the source domain involving the Concept
Laser M2 machine, as shown in Table 8. However, based
on all source data from the EOS M270 machine, the tar-
get I-DTR model for the Concept Laser M2 machine has
the smallest median RMSE value of 0.0050, as shown in
Table 9.

• For FT-ANN models in both target domains, applying all
source data from SLM 250 HL provides smaller median
RMSE values than using all source data from Concept
Laser M2, as shown in Tables 8 and 9.

• Although the target I-DTR model using all source data
from Concept Laser M2 has a median RMSE value of
0.0820 in Table 8, the optimal subset from other source
domains with larger base distances can provide better
modeling performances, i.e., the median RMSE values of
0.0590 and 0.0684 are obtained by using optimal subset
from SLM 250 HL and EOSM270 machines respectively.

Therefore, only using a single distance metric is insuf-
ficient to compare the transferability of different source

domains in all tasks. The above discussions demonstrate that
the transferability of one source domain is affected by three
factors, i.e., the target domain, the TL method, and the mod-
eling method. Compared with finding the most promising
source domain, the proposed Pareto frontier-based source
data selection method is more general. The optimal subset
from one source domain could be found to obtain better per-
formances than using all data from the most similar source
domain.Whenmultiple computation resources are available,
the source data selection method could be performed in par-
allel for each pair of source and target domains. A small
model with better or comparable performance could then be
obtained instead of training a complex largemodel using data
from all source domains.

Given a certain TL task, the source domain is selected
qualitatively in most current TL applications (Tang et al.,
2023a). The rationale of the source domain selection in this
paper could be explained, to some extent, from the physics.
For example, both powder-based and hot-wire based pro-
cesses in Task 1 are DED processes, which means they
follow the same physical laws and printing behavior although
using different materials and heat resources. Therefore, the
powder-based process data could provide some information
about the hot-wire based process. However, as the normaliza-
tion is performed to each source and target domain separately
and the defined distance metrics are independent of physics,
the rationale of the optimal subset is more explainable from
a modeling perspective than a physics perspective. To fur-
ther demonstrate the reasonableness of the optimal subset,
Task 1 with I-DTR model using different distance metrics is
selected to compare the performance of the baseline model,
the model from the optimal subset, and the one from the
left subset excluding the optimal one, as shown in Fig. 10.
Although different distancemetrics provide different optimal
subsets and modeling performances, it is observed that the
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Fig. 10 Comparison of performance from the baseline, optimal dataset, and left dataset in Task 1

optimal subset always provides a better performance than the
corresponding left subset, which means the optimal subset is
more related to the target domain. Therefore, the proposed
method could find the optimal subset from the modeling per-
spective when using different distances.

Conclusions

Different from using all data from the source domain in cur-
rent metal additive manufacturing applications, this paper
focuses on finding the pseudo-optimal subset from the acces-
sible source domain to achieve a better transfer learning (TL)
performance. To quantify the relative similarity between each
target data and the source domain, two spatial distances (i.e.,
Euclidean and Cosine distances) and two model distances
(i.e., performance and feature distances) are adopted. As
different distance metrics may conflict with each other, a
Pareto frontier-based source data selection method is pro-
posed to iteratively select the source data subset. To test its
performance, one decision tree regression TLmodel with the
Two-stage TrAdaBoost.R2 method and one artificial neu-
ral network TL model with the fine-tuning methods are
reproduced. Meanwhile, one multi-source artificial neural
network is reproduced to use all data from multiple source
domains. Based on the melt pool width dataset and the rel-
ative density dataset, nine single-source-single-target tasks
and two multi-source-single-target tasks are designed for
comparison. Several conclusions are summarized from the
comparison results:

1. The source data selection method is applicable in various
transfer learningmethodswith different distancemetrics,

2. The proposed method can find a small subset of source
data (single domain)with better TL performance inmetal
AM regression tasks involving different processes and
machines than using all the data from the source domain,
and

3. Amodel built with the selected subset data from only one
source domain has comparable or even higher prediction
accuracies with a smaller model size than a model built
with data from multiple source domains.

Moreover, the test results demonstrate that the type of
source domain, transfer learning method, and modeling
method should be considered simultaneously to infer the
transferability of one source domain. Instead of finding
the most similar source domain, the proposed source data
selection method would be a better option when multiple
source domains and computation resources are accessible.
The proposed source selection method could be tested with
more distance metrics, complex models, and transfer learn-
ing methods to further study its generalization capability.
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